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In this study, kernel-based extreme learning machine (K-ELM) and artiﬁcial neural network (ANN)
models were developed in order to predict the conditions of an alkaline-catalysed transesteriﬁcation
process. The reliability of these models was assessed and compared based on the coefﬁcient of deter-
mination (R2), root mean squared error (RSME), mean average percent error (MAPE) and relative percent
deviation (RPD). The K-ELM model had higher R2 (0.991) and lower RSME, MAPE and RPD (0.688, 0.388
and 0.380) compared to the ANN model (0.984, 0.913, 0.640 and 0.634). Based on these results, the K-
ELM model is a more reliable prediction model and it was integrated with ant colony optimization (ACO)
in order to achieve the highest Ceiba pentandra methyl ester yield. The optimum molar ratio of methanol
to oil, KOH catalyst weight, reaction temperature, reaction time and agitation speed predicted by the K-
ELM model integrated with ACO was 10:1, 1 %wt, 60 C, 108 min and 1100 rpm, respectively. The Ceiba
pentandramethyl ester yield attained under these optimum conditions was 99.80%. This novel integrated
model provides insight on the effect of parameters investigated on the methyl ester yield, which may be
useful for industries involved in biodiesel production.
© 2017 Elsevier Ltd. All rights reserved.1. Introduction
Biodiesel has gained prominence throughout the world as
alternative fuel for diesel engines. Biodiesels as alternative fuels in
diesel engines is not new nowadays owing to their favourable
physical and chemical properties that are comparable to those for
diesel, but with lower engine emissions. There is a growing trend in
the biodiesel production capacity not only in developed countries
such as France, Germany, Italy and the United States, but also in
developing countries such as Brazil, Argentina, Indonesia and
Malaysia [1]. The production of alternative fuels from renewable
sources have gained much interest from scientists, researchers andl Engineering, Faculty of En-
r, Malaysia.
yahoo.co.id (A.S. Silitonga).industrialists in the ﬁeld due to concerns on the depletion of fossil
fuels and the impact of fossil fuel emissions on the environment.
More importantly, there is a critical need to ensure a sustainable
supply of energy in order to fulﬁl the escalating energy demands,
which is not possible with fossil fuels since these fuels are derived
from non-renewable sources [2]. Concerns over food security have
led to the development and enforcement of policies which
emphasize the production biofuels from non-agricultural sources
[3]. In response to this need, scientists and researchers actively
search for ways to produce biodiesels from non-edible feedstocks
as well as macroalgae and microalgae [4,5].
Ceiba pentandra (C. pentandra) is commonly known as silk-
cotton tree. It is a tall plant which belongs to the Malvaceae fam-
ily and it is typically found in tropical rainforests. The seeds of Ceiba
pentandra contain a relatively high non-edible oil content (~40 %wt,
dry basis) and thus, these seeds can be used as potential feedstocks
to produce biodiesels. Several experimental have been conducted
F. Kusumo et al. / Energy 134 (2017) 24e34 25the production of C. pentandramethyl esters (biodiesels) through a
conventional process known as alkaline-catalysed trans-
esteriﬁcation [6,7]. Ong et al. [6] produced C. pentandra methyl
ester via supercritical transesteriﬁcation and the process conditions
were optimized using response surface methodology (RSM). They
achieved a high C. pentandra methyl ester yield of 95.5% when the
molar ratio of methanol to oil, reaction time, reaction temperature
and pressure was 30:1, 476 s, 322 C and 167 MPa, respectively.
Sivakumar et al. [7] used an alkaline-catalysed transesteriﬁcation
process and they also attained a high methyl ester yield of 99.5%
using the following molar ratio of methanol to oil of 6:1, KOH
catalyst weight of 1 %wt, reaction temperature of 65 C and reaction
time of 45 min.
To date, most of the models used to optimize the process con-
ditions for biodiesel production are based on response surface
methodology (RSM) and artiﬁcial neural networks (ANN). In both of
these approaches, experimental data are used as the groundwork
for modelling and optimization [8,9]. However, kernel-based
extreme learning machine (K-ELM) models have also been imple-
mented in recent years to study alcoholysis reactions and the
process conditions for biodiesel production. Extreme learning
machine (ELM) is a learning technique that was initially proposed
for generalized single hidden layer feedforward networks (SLFNs)
and this technique has been used to optimize processes in various
engineering disciplines [10,11]. K-ELM is a learning algorithm used
to determine the rational number of hidden neurons in SLFNs based
on a kernel matrix. This technique is still rather new, considering
that it was developed only in recent years by a few researchers. The
main beneﬁt of K-ELM is that the user only needs to identify the
necessary parameters and determine one optimum solution using
the kernel function. This eliminates the need to specify the number
of hidden nodes unlike conventional feedforward neural networks
[12,13].
ANN, on the other hand, is fundamentally different from K-ELM
since the algorithm is based on the idea that the human nervous
system is a data processing system. ANN is widely used for
modelling complex phenomena including prediction and classiﬁ-
cation which involve a large number of independent and depen-
dent [14,15]. Interestingly, ANN is also commonly used to
demonstrate the effectiveness of K-ELM models. Ant colony opti-
mization (ACO), however, is an optimization technique that is
inspired from observations of the foraging behaviour of ant
colonies.
In this study, K-ELM model is developed to predict the process
conditions for alkaline-catalysed transesteriﬁcation of C. pentandra
oil. Prior to optimization, it is ﬁrst necessary to develop a reliable
prediction model for the transesteriﬁcation process. There are
numerous studies found in the literature pertaining to C. pentandra
biodiesel production e however, there is a lack of studies pertain-
ing to the mathematical modelling of transesteriﬁcation process
conditions using K-ELM models. In general, the molar ratio of
methanol to oil, catalyst weight, reaction time, reaction tempera-
ture and agitation speed all play a crucial role in an alkaline-
catalysed transesteriﬁcation process and it is essential to optimize
these parameters in order to achieve the highest methyl ester yield
and reduce the production costs as much as possible. Hence, in this
study, the reliability of the K-ELM and ANNmodels in predicting the
conditions of the alkaline-catalysed transesteriﬁcation process is
determined in order to identify which is the more effective pre-
diction model. The reliability of these models was assessed using
the following statistical parameters: coefﬁcient of determination
(R2), mean absolute percent error (MAPE), relative percent devia-
tion (RPD) and root mean squared error (RMSE).
To the best of the authors’ knowledge, none of the studies
available in the literature have addressed the optimization ofprocess conditions for alkaline-catalysed transesteriﬁcation of C.
pentandra methyl ester using a novel, integrated modelling
approach, which formed the motivation for this study. Moreover,
the best prediction model is chosen for integration with ACO to
optimize ﬁve conditions of the alkaline-catalysed trans-
esteriﬁcation process (the molar ratio of methanol to oil, catalyst
weight, reaction time, reaction temperature and agitation speed) in
order to achieve a high C. pentandra methyl ester yield.
2. Materials and methods
2.1. Raw materials and chemical reagents
The crude C. pentandra oil chosen for this study, and it was
sourced from Koperasi Lestari, Cilacap, Indonesia. The following
chemical reagents were all sourced from Merck: analytical-grade
methanol with a purity of 99.9%, sulphuric acid with a purity of
more than 98.9%, and potassium hydroxide pellets with a purity of
99%. The following certiﬁed chemical standards for gas chroma-
tography (GC) were sourced from It Tech Research (M) Sdn Bhd:
FAME MIX C8-C24 (100 mg, Supelco-Sigma-Aldrich) and methyl
nanodecanoate (C19 with a minimum purity of 99.5%, Supelco-
Sigma-Aldrich). Phenolphthalein solution (1% in ethanol) was
purchased from Fluka Analytical. Whatman ﬁlter papers were
sourced from Filter Fioroni, France, each having a diameter of
15 cm.
2.2. Physical and chemical properties
The physical and chemical properties of the crude C. pentandra
oil and C. pentandramethyl ester were determined according to the
ASTM D6751 and EN 14214 standards, as shown in Table 4. The
physical and chemical properties of biodiesels obtained from other
studies are also presented for comparison.
Eq. (1) was used to determine the fatty acid methyl ester (FAME)










A represents the sum of the peak areas for the FAME, AEI
represents the peak area of methyl heptadecanoate, which is the
internal standard, CEI represents the concentration of the methyl
heptadecanoate solution in heptane (mg/ml), VEI represents the
volume of the methyl heptadecanoate solution (ml) and m repre-
sents the mass of the methyl ester (mg).
Eq. (2) was used to determine the methyl ester yield in percent
(%):
Methyl ester yield ¼ FAME  Bcp
Ocp
 100 (2)
here, FAME represents the fatty acid methyl ester content (%), Bcp
represents the weight of the C. pentandra methyl ester (g) and Oso
represents the weight of the C. pentandra oil (g).
2.3. Pre-processing of C. pentandra oil
The crude C. pentandra oil needs to be pre-processed prior to
transesteriﬁcation due to its inherent high free fatty acid content,
which will lead to saponiﬁcation and reduce the methyl ester yield.
Thus, the crude C. pentandra oil was pre-processed by acid-
catalysed esteriﬁcation in the presence of suitable process to
reduce the acid value to a lower level (less than 2 mg KOH/g) [6,7].
The acid-catalysed esteriﬁcation was conducted according to the
F. Kusumo et al. / Energy 134 (2017) 24e3426procedure of Sivakumar et al. [7] using the following parameters:
methanol-to-oil volume ratio: 8:1, reaction temperature: 65 C and
H2SO4 catalyst weight: 1.834 wt%. The crude C. pentandra oil was
poured into a three necked ﬂask containing methanol and H2SO4
catalyst preheated at 65 C. The mixture was agitated over a period
of 120 min. The temperature was kept at 65 C throughout the
esteriﬁcation process. On completion of reaction, the mixture was
poured into separating funnel and left to stand for several hours.
Two layers formed in the separating funnel and the bottom layer
was collected in a ﬂask. The extraneous methanol present in the
esteriﬁed oil was removed by evaporation.
2.4. Alkaline-catalysed transesteriﬁcation of the esteriﬁed C.
pentandra oil
The esteriﬁed C. pentandra oil was poured into a three-necked
ﬂask preheated to a temperature range of 40e65 C using a circu-
lating water bath. Methanol and KOH catalyst were added into the
esteriﬁed oil and the mixture was stirred on a continuous basis
throughout the transesteriﬁcation process. In this study, the molar
ratio of methanol to oil was varied from 3:1 to 15:1 whereas the
concentration of the potassium hydroxide (KOH) catalyst was var-
ied from 0.5 to 1.5 %wt The reaction time was varied from 60 to
150 min whereas the agitation speed was varied from 800 to
1200 rpm. Upon completion of the transesteriﬁcation process, the
mixture was transferred into a separating funnel and left to settle
until the methyl ester and glycerine were completely separated by
gravity. It shall be noted that this separation occurred after 4 h. The
top layer is the C. pentandramethyl ester whereas the bottom layer
is a mixture of glycerine and impurities and therefore, this layer
needs to be removed. The C. pentandra methyl ester was washed
with warm water several times. Lastly, traces of moisture and
unreacted methanol were removed using a vacuum evaporator set
at 60 C.
2.5. Design of experiments
The design of experiments (DoE) approach based on the Box-
Behnken experimental design was used for modelling and opti-
mization in this study using Design-Expert software version 8.0.3.1
(Stat-Ease Inc., Minneapolis, MN, USA). The designed experiment
consists of 46 experimental runs, as shown in Table 1. The molar
ratio of methanol to oil (x1), KOH catalyst weight (x2), reaction
temperature (x3), reaction time (x4) and agitation speed (x5) were
varied to achieve the highest C. pentandra methyl ester yield (y).
Both independent and dependent variables of the designed
experiment are presented in Table 1.
2.6. Modelling of the alkaline-catalysed transesteriﬁcation process
2.6.1. Fundamental concept of ELM
Extreme learning machine (ELM) was initially developed for
single-hidden-layer feedforward networks (SLFNs). The parametersTable 1
Experiment design matrix for transesteriﬁcation process.
Parameters Unit Coded variables Coded factor levels
1 2 3
Methanol to oil molar ratio e x1 3 9 15
Catalyst concentration %wt x2 0.5 1.0 1.5
Reaction temperature C x3 50 55 65
Reaction time min x4 60 90 150
Agitation speed rpm x5 800 1000 1200in the hidden layer are initialized in a random fashion and the
Moore-Penrose generalized inverse is used to compute the output





bihiðxÞ ¼ hðxÞb (3)
In this equation, b¼ [b 1, $ $ $, b L]T represents the column vector
in which the elements are the output weights between the hidden
layer of L nodes and the output node. h(x) represents the output
row vector of the hidden layer for each input x, i.e. h(x) ¼ [h1(x),…,
hL(x)]. h(x) is used to map the data from the input space of
dimension d to the hidden layer feature space of dimension L, H. H
is also known as the feature space of the ELM. The training data are
given by {(xi, ti)| xi2 Rd, ti2 Rm, i ¼ 1,…, N}. The goal of ELM is to
attain the smallest training error and the smallest norm of output
weights, which is an advantage over other learning algorithms
[13,16].2.6.2. Fundamental concept of K-ELM
If the user has no prior knowledge of the feature space h(x), the
user can use Eq. (4) to deﬁne the kernel matrix of the ELM [10,18]:
UELM ¼ HHT : UELMi;j ¼ hðXiÞ:h

Xj
 ¼ KXi;Xj (4)
Eq. (5) represents the output function of the ELM classiﬁer:

















With this function, it is not essential for the user to have prior
knowledge of the feature space h(x). In this case, h(x) corresponds
to the kernel K(u, v) (e.g. K(u, v) ¼ expðgu  v2ÞÞ, which is sup-
plied to the user. In addition, it is not essential for the user to know
the number of hidden nodes, which is represented by the dimen-
sion L of the feature space [12,16]. In this study, MATLAB 7.10.0
software was used to model the alkaline-catalysed trans-
esteriﬁcation process using K-ELM.2.6.3. Normalization of the dataset
Normalization was conducted on the dataset for the training
model, ensuring that the values arewithin the range of [0,1]. Eq. (6)
was used for this purpose [12]:




here, ei represents and Ei represents the normalized parameter
and original parameter, respectively. Emax and Emin represents the
upper and lower bound of the original parameter, respectively.
Once all of the minimum and maximum values were normal-
ized, the predicted values need to be denormalized after the
training process. This was done using the inverse of Eq. (5) [12,19].2.6.4. Hyper parameter tuning
The K-ELM model involves two hyper parameters, namely, the
regularization factor (C) and basis function width parameter (g2).
The best values for these parameters were chosen using the leave-
one-out cross-validation (LOOCV) algorithm and the possible
values for C and gwere chosen based on the exponent of 2 (i.e. 224,
223, …, 224, 225) [12,16].
F. Kusumo et al. / Energy 134 (2017) 24e34 272.6.5. Random sub-sampling cross validation
The performance of the K-ELM model was assessed using 46
datasets that may not be large enough to evaluate the performance
of the K-ELM model. Therefore, random sub-sampling cross vali-
dation was used in this study. Random sub-sampling is a multiple
holdout which is based on splitting the data randomly into subsets
whereby the size of each subset is determined by the user [20,21]. A
total of 39 datasets and 7 datasets were used for training and
testing, respectively. The procedure was repeated ten times and the
average MAPE was determined. Eqs. (6) and (7) was used to
determine the standard deviation (SD) and standard error of the










In Eq. (6), N represents the size of the dataset and x represents
the mean value of the dataset x1,…, xN. In Eq. (7), n represents the
size of the dataset or the number of observations.2.6.6. Fundamental concept of ANN
An ANN model was also developed in this study to predict the
transesteriﬁcation process conditions and C. pentandramethyl ester
yield. MATLAB 7.10.0 software was also used to develop the ANN
model. The experimental data, consisting of 46 datasets in total,
were divided into training data (80%), cross-validation data (10%)
and testing data (10%) in a random manner. The three layer feed-
forward scheme was chosen for this study. The tansig transfer
function was applied for the input layer to the hidden layer while
the purelin transfer functionwas applied for the hidden layer to the
output layer.
Eqs. (8) and (9) represents the tansig and purelin transfer
function, respectively [22,23]:
tansig ðxÞ ¼ 2
1þ e2x 1 (8)
A ¼ purelin ðxÞ ¼ x (9)
The Levenberg-Marquardt backpropagation algorithmwas used
for the ANN. The ANN architecture is composed of three input
layers with ﬁve inputs, hidden layers with the optimum number of
neurons and one output variable. The ﬁve inputs are the molar ratio
of methanol to oil, KOH catalyst weight, reaction temperature, re-
action time and agitation speed. Training was carried out until the
minimum mean squared error (MSE) was reached and the average
correlation coefﬁcient (R) was close or equal to 1.2.6.7. Veriﬁcation of the data
The following statistical parameters were used to assess the
performance of the K-ELM and ANN models: R2, MAPE, RMSE and
























jðxib  xiaÞ j
jðxiaÞj
(13)
here, n represents the number of experimental data. xia, xib and xm
represents the experimental value, computed value and mean
experimental value, respectively. The R2 value is an indicator of the
accuracy (and hence, reliability) of the prediction models, whereby
a higher R2 value indicates higher accuracy. As a rule of thumb, the
R2 value should be greater than or equal to 80% [26]. The MAPE,
RMSE and RPD values indicate the reliability of the model and it is
important to reduce these parameters as much as possible.2.6.8. Sensitivity analysis of the transesteriﬁcation process
conditions
Sensitivity analysis was used to determine the impact of an in-
dependent variable towards a dependent variable based on a set of
assumptions [27]. Various combinations of inputs were tested us-
ing the K-ELM model to determine the impact of each input
parameter on the C. pentandra methyl ester yield. However, it shall
be noted one input was eliminated from each combination. The
MAPE was used to assess the impact of each combination of inputs
on the predicted C. pentandra methyl ester yield using the test
dataset.2.6.9. Optimization of the transesteriﬁcation process conditions
using ACO
ACO is an artiﬁcial intelligence technique commonly used to
solve complex optimization problems. As the name implies, ACO is
inspired from the foraging behaviour of ant colonies [28]. In the
wild, ants will leave their nest in search of food and theywill leave a
chemical scent (known as pheromone) along the way, which is
recognized by other members of the colony [19]. Eq. (14) represents












here, ti;j represents the amount of pheromone on edge i,j. a rep-
resents the parameter used to control the effect of ti;j. ti;j and ni;j
represent the desirability of edge i,j (typically 1/di,j) whereas b
represents the parameter used to control the effect of ni;j. Eq. (15)
was used to update the amount of pheromone [28,30]:
ti;j ¼ ð1 rÞti;j þ Dti;j (15)
In this equation, ti;j represents the amount of pheromone on
edge i,j, r represents the rate of evaporation of the pheromone, and
Dti;j represents the amount of pheromone deposited.
Eq. (16) was used for the amount of pheromone if ant k travels






; if ant k travels on edge i; j
0; Otherwise
(16)
Here, Lk represents the cost of the kth ant’s tour (typically
length) [19,31]. The ﬂow chart of the K-ELM model is shown in
Fig. 1.
Fig. 1. Flow chart for K-ELM.
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3.1. Prediction of the transesteriﬁcation process conditions by the K-
ELM model
The molar ratio of methanol to oil, KOH catalyst weight, re-
action temperature, reaction time and agitation speed were used
as the inputs in the Box-Behnken designed experimental condi-
tion. The aforementioned parameters were optimized in order to
achieve the highest C. pentandra methyl ester yield. Training was
conducted using the K-ELM model until the lowest MSE was
achieved and the average R was close or equal to 1. It can be
observed from Fig. 2 that R values generated by the K-ELM model
from the training value, test value and all value are 0.995, 0.998
and 0.995, respectively. It can be deduced that the model was
reliable since the slope of the linear line for the K-ELM model is
very close to 1. Hence, the number of iterations was keyed into
the programme, initiating training of the data. The training data
were compared with the experimental data to verify if the K-ELM
model was reliable to predict the conditions of the trans-
esteriﬁcation process. The R2, RMSE, MAPE and RPD values were
used to assess the reliability of the model [11], as shown in
Table 2. It can be seen that the R2 value of the K-ELM model is
0.991, which was higher than 0.80. The RMSE, MAPE and RPD was
found to be 0.668, 0.388 and 0.380 respectively. This indicates
that the K-ELM model was reliable as a prediction model because
of its high accuracy and low error values. More importantly, the
values predicted by the K-ELM model show excellent agreement
with the experimental data.3.2. Random sub-sampling cross validation for the K-ELM model
A total of 39 datasets were used for training whereas the
remaining 7 datasets were used for testing. The process was
repeated ten times using various combinations of inputs with the
same user-deﬁned parameters ðC ¼ 225 and g ¼ 20Þ, as shown in
Table 3. Based on the results in Table 3, the SD and MSE of the
random sub-sampling cross validation was found to be 0.117 and
0.037, respectively which is indicated the accuracy of the models.3.3. Prediction of the transesteriﬁcation process conditions by the
ANN model
When implementing ANNs, it was imperative to choose a suit-
able number of neurons in the hidden layer in order to account for
the complexity of the experimental dataset [25,32]. The ANNmodel
was built using a heuristic procedure and the resulting conﬁgura-
tion chosen for this study was 5-6-1. This conﬁgurationwas chosen
since it had the lowest MSE for training, validation and testing, with
a value of 0.363, 0.596 and 4.331, respectively. This conﬁguration
also had the highest R for training, validation and testing, with a
value of 0.995, 0.997 and 0.981, respectively. Fig. 3 shows that there
is a negligible difference between the testing and validation curves
when the ANN was trained for 27 epochs with an error goal of
1  102. There is no signiﬁcant overﬁtting from the training,
validation and testing errors when the number of neurons in the
hidden layer was 5, indicating that this number of neurons is
suitable for the ANN model. The R2, RMSE, MAPE and RPD is found
to be 0.984, 0.913, 0.640 and 0.643, respectively, as shown in
Table 2. It is evident from the residual error of the ANN model that
there was good ﬁt between the predicted and experimental data.3.4. Comparison between the K-ELM and ANN models
The following statistical parameters were used to assess the
reliability of the K-ELM and ANN models developed in this study:
RMSE, R2, RPD and MAPE [11,25], and the results are presented in
Table 2. The R2 value for the ANN model and K-ELM model is 0.984
and 0.991, respectively. In general, both of these models are reliable
to predict the conditions of the alkaline-catalysed trans-
esteriﬁcation process. However, the K-ELM model is more accurate
than the ANNmodel, as indicated by the higher R2 value. The RMSE,
RPD and MAPE for the ANN model was 0.913, 0.634 and 0.640,
respectively. In contrast, the RMSE, RPD and MAPE are signiﬁcantly
lower for the K-ELM model, with a value of 0.688, 0.380 and 0.388,
respectively. The values for each experimental run predicted using
the ANN and K-ELM models as well as the corresponding methyl
ester yield are shown in Fig. 4. In general, the values predicted by
the trained K-ELM model fall within closer proximity of the
experimental data compared to the ANN model, implying that the
(a)                                                                                             (b)
(c)                                  
Fig. 2. K-ELM coefﬁcient relation (a) training value and (b) test value and (c) all value.
F. Kusumo et al. / Energy 134 (2017) 24e34 29K-ELM model is more reliable as a prediction model compared to
ANN. In addition, the ANN model requires a large number of iter-
ations, which makes it less favourable compared to the K-ELM
model [9,33]. For this reason, the K-ELM model was chosen to
optimize the transesteriﬁcation process parameters in order to
attain the highest C. pentandramethyl ester yield. This was done by
integrating the K-ELM model with ACO.3.5. Sensitivity analysis for the K-ELM model
The MAPE was used to examine the impact of the process
conditions on the predicted C. pentandramethyl ester yield. Various
combinations of inputs were used to determine the impact of each
input parameter for the K-ELM model [12,34]. Table 4 shows the
impact of different levels of inputs (molar ratio of methanol to oil,
KOH catalyst weight, reaction temperature, reaction time andagitation speed) on the C. pentandramethyl ester yield based on the
MAPE values. The higher MAPE value for the molar ratio of meth-
anol to oil (25.169) indicates that this input variable had a more
pronounced impact on the methyl ester yield produced from the
transesteriﬁcation process. Table 4 also shows that the MAPE value
for the KOH catalyst weight (5.174) and reaction temperature
(5.173) are nearly equal, indicating that these input variables have a
similar impact on the methyl ester yield. The MAPE for agitation
speed and reaction time was 4.086 and 1.634, respectively. In
general, the KOH catalyst weight, reaction temperature and agita-
tion speed somewhat affects the methyl ester yield, though the
impact was not as signiﬁcant as the molar ratio of methanol to oil.
The reaction time has the least impact on the methyl ester yield,
since this parameter had the lowest MAPE. Hence, the molar ratio
of methanol to oil was the most signiﬁcant parameter for the
transesteriﬁcation process using the K-ELM model.
Table 2
Response for transesteriﬁcation process.
No Molar ratio Reaction Temperature (C) Catalyst concentration (%wt) Reaction time (min) Agitation speed (rpm) Methyl ester yield (%)
Experiment ANN K-ELM
1 3 52.5 0.5 105 1000 76.44 76.11 76.44
2 9 52.5 1.0 105 1000 94.57 95.67 95.75
3 9 52.5 1.0 150 800 93.92 93.51 92.70
4 3 40.0 1.0 105 1000 74.23 73.76 74.23
5 9 65.0 1.0 60 1000 95.36 95.27 95.36
6 15 52.5 0.5 105 1000 81.72 81.83 81.72
7 9 52.5 0.5 60 1000 91.24 91.20 91.24
8 15 52.5 1.5 105 1000 86.92 86.87 86.92
9 9 40.0 1.5 105 1000 90.71 90.74 90.71
10 9 52.5 1.0 105 1000 95.72 95.67 95.75
11 9 52.5 1.5 60 1000 95.51 95.02 95.51
12 15 52.5 1.0 105 1200 89.72 89.77 89.72
13 3 52.5 1.0 150 1000 76.13 76.62 78.04
14 3 52.5 1.0 105 1200 84.86 84.64 84.86
15 9 52.5 0.5 105 1200 97.72 97.70 97.72
16 9 40.0 1.0 60 1000 91.77 91.49 91.77
17 15 52.5 1.0 105 800 83.32 83.22 83.32
18 9 40.0 1.0 105 800 90.06 90.48 90.06
19 9 52.5 1.0 150 1200 98.13 97.86 97.14
20 9 52.5 1.0 60 800 92.58 93.27 92.58
21 3 65.0 1.0 105 1000 79.89 80.03 80.58
22 9 65.0 0.5 105 1000 91.76 92.86 91.76
23 9 65.0 1.0 150 1000 97.01 96.58 97.01
24 9 52.5 0.5 105 800 88.32 87.89 88.32
25 9 40.0 0.5 105 1000 86.52 86.38 86.52
26 3 52.5 1.5 105 1000 77.12 77.07 77.12
27 9 40.0 1.0 150 1000 87.06 86.46 88.84
28 9 52.5 1.5 105 800 94.12 93.59 94.12
29 15 52.5 1.0 60 1000 86.32 82.99 86.32
30 9 65.0 1.5 105 1000 96.72 96.39 96.44
31 3 52.5 1.0 105 800 77.77 77.29 77.77
32 15 52.5 1.0 150 1000 88.28 88.20 88.28
33 3 52.5 1.0 60 1000 78.36 78.34 80.38
34 9 40.0 1.0 105 1200 92.87 93.05 92.87
35 9 52.5 1.0 105 1000 94.52 95.67 95.75
36 9 52.5 1.5 105 1200 97.42 99.41 97.42
37 9 52.5 1.5 150 1000 95.12 94.89 95.12
38 9 52.5 0.5 150 1000 89.76 89.83 88.99
39 9 52.5 1.0 105 1000 97.14 95.67 95.75
40 9 65.0 1.0 105 800 95.98 95.85 95.98
41 9 52.5 1.0 105 1000 96.65 95.67 95.75
42 15 65.0 1.0 105 1000 90.92 88.50 90.92
43 9 52.5 1.0 105 1000 96.82 95.67 95.75
44 9 52.5 1.0 60 1200 98.89 98.12 98.89
45 15 40.0 1.0 105 1000 83.68 81.58 83.68



















Standard deviation (SD) 0.117
Standard error of the mean (SEM) 0.037
Table 4
Kernel based extreme learning machine sensitivity analysis.
Parameter removed from the input dataset with ﬁve attributes MAPE
Methanol to molar ratio (X1) 25.169
Catalyst concentration (X2) 5.174
Reaction temperature (X3) 5.173
Agitation speed (X5) 4.086
Reaction time (X4) 1.634
F. Kusumo et al. / Energy 134 (2017) 24e34303.6. Optimization of the transesteriﬁcation process conditions using
K-ELM model integrated with ACO
As mentioned previously in Section 3.4, the K-ELM model was
chosen to be integrated with ACO in order to optimize the molar
ratio of methanol to oil, KOH catalyst weight, reaction temperature,
(a)                                                          (b)
(c)                                                           (d)
Fig. 3. ANN coefﬁcient relation (a) training, (b) value, (c) validation and (d) all value.
F. Kusumo et al. / Energy 134 (2017) 24e34 31reaction time and agitation speed in order to attain the highest C.
pentandramethyl ester yield. In order to prove the credibility of the
optimization results, the experimental data for the molar ratio of
methanol to oil, KOH catalyst weight, reaction temperature, reac-
tion time and agitation speed were keyed in as the inputs for the
objective function and the results were compared with the pre-
dicted results. The optimum molar ratio of methanol to oil, KOH
catalyst weight, reaction temperature, reaction time and agitation
speed obtained from the K-ELMmodel integrated with ACO is 10:1,
1 %wt, 60 C, 108 min and 1100 rpm, respectively. These are the
optimum conditions for the transesteriﬁcation process based on
the optimization model developed in this study. The results are
presented in Table 2 and Fig. 5. The C. pentandra methyl ester yield
predicted with these process conditions is 99.88%, which is in verygood agreement with the experimental methyl ester yield, with a
value of 99.46%, indicating a minor margin of error. Based on the
sensitivity analysis for the K-ELMmodel, it can be deduced that the
methanol-to-oil ratio has the most pronounced impact on the
methyl ester yield compared to the other parameters investigated
in this study. In general, it can be stated that the K-ELM model
integrated with ACO was reliable to optimize the conditions of the
transesteriﬁcation process.3.7. Physical and chemical properties of the C. pentandra methyl
ester
The physical and chemical properties of the C. pentandramethyl




















Fig. 4. Comparison between experimental and predicted value.
Fig. 5. Optimization of K-ELM model integrated with ACO model at molar ratio of
methanol to oil: 10:1, reaction time 108 min and agitation speed 1100 rpm.
Table 5
Physicochemical properties of C. pentandra oil and C.pentandra methyl ester.
Properties Unit Test method Crude C. pentandra
Density at 15 C kg/m3 D 1298 906.5
Kinematic viscosity at 40 C mm2/s D 445 18.74
Flash point ºC D 93 186.5
Pour point C D 97 e
Cloud point C D 2500 e
Higher heating value MJ/kg EN 14214 38.672
Sulphur content mg/kg EN ISO 20846 e
Cetane number e D 613 e
Water content v/v EN ISO 12937 0.005
Copper strip corrosion e D 130 e
Oxidation stability h EN 14112 e
Acid number mg KOH/g D 664 16.2
Iodine value I2/100 g EN 14111 116.7
FAME %wt EN 14103 e
a Result.
F. Kusumo et al. / Energy 134 (2017) 24e3432ASTM D6751 and EN 14214 standards and the results are presented
in Table 5. In general, the physical and chemical properties of the C.
pentandra methyl ester produced in this study fulﬁl the biodiesel
requirements stipulated in both of these standards. The kinematic
viscosity is an important property since it determines the behav-
iour of the fuel in cold conditions and this property should be be-
tween 3.5 and 5mm2/s according to ASTMD445 [35]. The density is
also an important property of biodiesels besides the kinematic
viscosity [36] since it determines the amount of fuel that needs to
be injected for a speciﬁc engine power. A higher fuel density is
undesirable since more fuel needs to be injected into the system at
the same engine power. The kinematic viscosity and density of the
C. pentandramethyl ester produced in this study is 4.69 mm2/s and
883.6 kg/m3, respectively. The total acid number is an important
property of biodiesels and it is inﬂuenced by the free fatty acid
composition of the fuel. This property was expressed in milligrams
of KOH per gram of sample required to titrate a sample to a spec-
iﬁed end point [37]. In general, the total acid number should be as
low as possible in order to minimize corrosion of the fuel system
and components that are in direct contact with the fuel. The















F. Kusumo et al. / Energy 134 (2017) 24e34 33the EN 14104 standard is 0.5 mg KOH/g [38]. The total acid number
of the C. pentandra methyl ester produced in this study is 0.18 mg
KOH/g, which is well below the permissible limit. The ﬂash point of
the C. pentandra methyl ester is 158.5 C, which is desirable since
the value is higher than that for diesel. The higher ﬂash point of the
biodiesel is indeed favourable since it reduces safety hazards when
the fuel is stored or shipped to different locations. The cloud point
and pour point of the C. pentandra methyl ester is 2.0 C
and 3.0 C, respectively, which are lower than those for diesel.
This is indeed expected since the C. pentandra oil (the feedstock
used to produce the methyl ester) has higher saturated fatty acid
content. Copper corrosion strip test was conducted by heating a
copper strip to 50 C in a fuel bath for 3 h. The result shows that the
water content of the C. pentandramethyl ester was less than 0.05 %
vol. It is evident that the physical and chemical properties of the C.
pentandra biodiesel are superior to those for other fuels, as indi-
cated by the lower kinematic viscosity, higher oxidation stability,
higher ﬂash point and higher heating value. In addition, the other
physical and chemical properties assessed in this study fulﬁl the
fuel speciﬁcations given in the ASTM D6751 and EN 14214 stan-
dards, indicating that the Ceiba pentandra methyl ester had great
potential for use as an alternative fuel for diesel engines.
4. Conclusions
K-ELM and ANN models are developed in this study to predict
the conditions of the alkaline-catalysed transesterifcation process
for C. pentandra methyl ester. The reliability of the K-ELM and ANN
models was assessed based on the following statistical parameters:
R2, RMSE, RPD and MAPE. In general, the values predicted by the K-
ELM model show excellent agreement with the experimental
values, with higher R2 value and lower RMSE, RPD and MAPE
compared with the ANN model. The results prove that the K-ELM
model was able to simulate the process conditions of the alkaline-
catalysed transesteriﬁcation in reality with consistent results and
reasonable accuracy. In addition, the K-ELMmodel is more efﬁcient
compared to the ANN model since the latter model is more time-
intensive to produce the prediction results. Hence, the K-ELM
model is chosen to optimize the parameters of the trans-
esteriﬁcation process, speciﬁcally themolar ratio of methanol to oil,
KOH catalyst weight, reaction temperature, reaction time and
agitation speed in order to attain the highest C. pentandra methyl
ester yield. This is done by integrating the K-ELM model with ACO.
The optimum molar ratio of methanol to oil, KOH catalyst weight,
reaction temperature, reaction time and agitation speed which
gives the highest methyl ester yield is 10:1, 1 %wt, 60 C, 108 min
and 1100 rpm, respectively. The methyl ester yield predicted with
these process conditions is 99.88%, which is in very good agreement
with the experimental methyl ester yield, with a value of 99.46%.
This shows that the K-ELM model integrated with ACO is a reliable
computing tool to optimize the transesteriﬁcation process condi-
tions in order tomaximize the C. pentandramethyl ester yield. Even
though C. pentandramethyl ester is the focus of this investigation, it
was believed that this tool will be applicable for other types of
biodiesels as well, indicating its adaptability and ﬂexibility.
Furthermore, the K-ELM model integrated with ACO can help
reduce time, costs and raw materials incurred with conventional
trial and error experiments, which is greatly beneﬁcial to industries
involved in biodiesel production.
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